Abstract-For the superposition of ON/OFF sources, we propose a real-time computable two-state Markov modulated Poisson process [MMPP(2)] modeling method characterizing the aggregate cell arrival rate and the variance-time curve for cell counts. Numerical examples show that the proposed method yields a good estimation of cell loss ratio (CLR) in asynchronous transfer mode (ATM) multiplexers. Then, we propose an approximation method for calculating the workload for the MMPP(2)/D/1 system. By considering the workload as an upper bound of CLR of ATM multiplexers, we propose a connection admission control (CAC) algorithm utilizing peak cell rate, sustainable cell rate, and maximum burst size as user traffic descriptors. Using the proposed CAC algorithm, an acceptance decision is made with computational complexities of less than 3000 floating point operations. It is also observed from numerical evaluations that the proposed CAC algorithm yields a high multiplexing gain, compared with other methods in the literature.
I. INTRODUCTION
T HE ESSENTIAL issue of asynchronous transfer mode (ATM) connection admission control (CAC) is exact estimations of network performance through real-time calculations. In the literature, many studies have been carried out on the characterization of ATM statistical multiplexers and superposed traffic [1] - [7] . These analyses are based on exponential-type tail probabilities for the cell loss curves for the buffers in the ATM multiplexers. There are also traffic modeling based on the long-range dependence, or self-similarity characteristics, for video traffic [8] and LAN traffic [9] , which show power-type tails for a large buffer size. However, for these traffic streams, and especially for superposition of them, models with exponential-type tails work well for a wide range of buffer size of interest (e.g., real-time services) [7] , [10] .
In this paper, we are concerned with traffic streams and buffer sizes with exponential-type tail probabilities. In order to develop a real-time implementable CAC algorithm, we propose a new modeling method using two-state Markov modulated Poisson
Paper approved by A. Pattavina, the Editor for Switching Architecture Performance of the IEEE Communications Society. Manuscript received September 29, 1997; revised September 15, 1998 process [MMPP (2) ] to characterize the superposition of heterogeneous ON/OFF sources by considering: 1) overload and underload states whose effective arrival rate parameters match the two arrival rates of the MMPP(2) and 2) the variance-time curve for cell counts to determine the state transition rate parameters of the Markov modulated Poisson process (MMPP). For a real-time approximation, we model the aggregate cell arrival rate as the Bellows-like Poisson distribution. We are also concerned with the real-time evaluation of ATM statistical multiplexers. They can be modeled by the MMPP/D/1/K, for which good numerical methods have been proposed [11] , [12] . However, we cannot apply these methods due to their heavy computational complexity if we attempt to implement real-time CAC with a required computation time of less than several milliseconds.
We here consider the virtual waiting time, or workload, of the MMPP/D/1 as an upper cell loss ratio (CLR) bound of in the MMPP/D/1/K model. For the workload of the MMPP/D/1, algorithmic solutions based on the matrix geometric method have been developed [13] , [14] . However, they still require iterations for calculating matrix sequences and numerical inversion of nonrational type of functions. It is known that the workload of the MMPP/D/1 can be asymptotically approximated as an exponential function [15] . Heavy-traffic asymptotic expansion was investigated in [16] . In this paper, we investigate a real-time approximation to the workload of the MMPP(2)/D/1 as a two-term exponential function by which we can obtain a very accurate approximation to the workload over a wide range of interest.
Combining these results, we propose a CAC algorithm for real-time implementation. We consider the user traffic descriptors: peak cell rate (PCR), sustainable cell rate (SCR), and maximum burst size (MBS). We model each source traffic using the ON/OFF model and make acceptance decisions based on the workload estimation to meet the given CLR objective.
The rest of this paper is organized as follows. In Section II, we propose a real-time MMPP(2) modeling method for the superposed ATM traffic. In Section III, we investigate a real-time computation method for workload as an upper CLR bound for ATM multiplexers. In Section IV, we propose a CAC algorithm using the traffic descriptors PCR, SCR, and MBS. Finally, we draw conclusions in Section V.
II. REAL-TIME MMPP(2) MODELING OF SUPERPOSED TRAFFIC Suppose that independent, heterogeneous ON/OFF sources are multiplexed into a transmission link with capacity (cells/s). We characterize the th source by using three parameters : the peak cell rate (cells/s) in the ON period, the mean length of the ON period 0090-6778/00$10.00 © 2000 IEEE (s), and the activity factor defined as the ratio of the peak cell rate to the average cell rate. We then take the mean length of the OFF period (s). The parameter is a major indicator of source burstiness; the larger the , the burstier the traffic. We assume that and take integer values.
Let be the steady-state cell arrival rate of the th source. Its probability mass function is given by otherwise.
(1)
The average cell rate of the th source is then . Define the total aggregate cell arrival rate for the superpositions,
. Its probability mass function is given by , where denotes the convolution.
takes its values on state space , where is the total peak cell rate. The mean and variance of are, respectively, given by
Now consider the MMPP(2) with the following infinitesimal generator and arrival rate matrix :
We identify the MMPP(2) parameters to model the superposed traffic from ON/OFF sources as follows.
A. Determination of and
First, in order to determine the arrival rate parameters and , we divide the state space of into two subsets: underload state and overload state [2] , and then we have for the overload state (5) and for the underload state (6) Unfortunately, the convolution operations for causes a heavy computational burden as the number of connections increases. To reduce this computational complexity, we approximate as a Bellows-like Poisson distribution introduced in [17] . Let us start with a Poisson distribution (7) whose squared coefficient of variation matches that of , such that . We then scale its parameters to construct a Bellows-like Poisson distribution (8) where is the scaling factor for matching the mean arrival rate. We now approximate the probability mass function of by to yield (9) and (10) where denotes the least integer greater than or equal to and denotes the greatest integer less than or equal to . To show the effectiveness of this approximation, we take an example as follows. Suppose that we superpose 20 voice sources into a 1.5-Mb/s link, where each source has parameters as in [1] . Fig. 1 compares the curve with the curve , where the value of the Bellows-like Poisson distribution is divided by for a comparison purpose. The horizontal axis parameters and are normalized such that the peak rate of each source is given by , and the output link capacity is given by . The Bellows-like Poisson distribution well approximates except for the tail region which may give little effect on our modeling performance. We observed that the Bellows-like Poisson distribution approximates better as grows. Now let be an integer such that and or . Approximating the exact and in (5) and (6), we can write (with the aid of Mathematica [18] ) (11) and (12) where is the incomplete gamma function defined as . These approximations, (11) and (12), can be simply calculated using fast numerical algorithms for the gamma functions [19] , compared with the exact forms (5) and (6), which include complicated convolution operations.
B. Determination of and
We now determine the state transition rate parameters and . To do this, we consider the variance-time curve of the number of arrivals. Let and denote the number of cell arrivals during from the th source and from the superpositions, respectively. For mathematical convenience, we model each ON/OFF source as an interrupted Poisson process (IPP) by assuming Poisson arrivals instead of deterministic arrivals, with rate in the ON state. The variance-time curve for the th source, , is given by (13) where and . The variance-time curve for the superpositions is then written as (14) where and . On the other hand, for MMPP(2), the corresponding variance-time curve for counts is given by (15) where Approximating (14) by (15), we let and to identify the parameters and as follows: where and are obtained by (5) and (6) (or by (11) and (12) as their approximations), and the statistics can be obtained from the source traffic parameters by (2) and (14).
C. Numerical Examples for the MMPP(2) Modeling
We now evaluate our proposed MMPP(2) modeling method. First, consider the superposition of 120 homogeneous ON/OFF sources, each of which has a peak bit rate of 32 kb/s, a mean ON period of 350 ms, and a mean OFF period of 650 ms. Suppose that the output link capacity is 1.5 Mb/s. The superposed traffic is modeled by the MMPP(2) using the proposed method. We calculate CLR for an MMPP(2)/D/1/K system by using the matrix geometric algorithm. Fig. 2 shows CLR curves from the proposed modeling method, some simulations, and other modeling methods in the literature. Our result in the solid line fits very well with the simulation result over a wide range of interest. The methods from [1] and [2] fail to characterize the asymptotic decay rate and thus underestimate CLR as the buffer size increases. The equivalent bandwidth method [4] also yields a good result in the asymptotic region. Finally, the nonparametric method (the "VNA/ANA" approach) [5] yields a loose upper CLR bound.
Next, we consider the superposition of heterogeneous, randomly sampled ON/OFF sources. Suppose that the output link capacity is 150 Mb/s. The th source is characterized by parameters Mb/s, s, and , which are randomly chosen from the uniform distributions over [1, 20] , [1000 , 5000 ], and [1, 20] , respectively, where is the intercell time during ON periods. Fig. 3 illustrates the CLR obtained from simulations from the proposed MMPP(2) modeling method with by the exact calculations (5) and (6) , and from their approximations by (11) and (12), respectively, for and . We can observe that the analytical CLR curve agrees well with the corresponding simulation curve in each case. From these results, we see that MMPP(2) works successfully as a model for superposed traffic of interest, even though it may not cover every case for MMPP( ) generated from sources. We compare the computational complexity of with that of their approximations in terms of floating point operations (FLOPS). Fig. 4 shows the computational complexities observed on the MATLAB software package when a source is newly added to the existing superposition of sources, where the parameters of each source are randomly sampled from the same distribution previously described. We use a continued fraction development method with a precision of 10 to compute the incomplete gamma function [19] . It is observed that the approximate calculation has a computational load of several hundreds of FLOPS, which is almost independent of , whereas the exact calculation requires several tens of thousands of FLOPS with a relatively large increasing rate.
III. WORKLOAD FOR MMPP(2)/D/1

A. Approximation to the Workload of MMPP(2)/D/1
The ATM multiplexer systems can be modeled as the MMPP/D/1/K system. Its analytical results, however, are usually too complex to be applied to real-time calculations. In this section, we propose an approximation method for the virtual waiting time, or workload, of the MMPP(2)/D/1 as an upper CLR bound of the MMPP(2)/D/1/K finite buffer model. Suppose that we have the MMPP(2) whose parameters are given by (4) and the service time is 1. Let be the steady-state vector of and be the unitary column vector. The traffic intensity is then given by . Let be the complementary distribution of the virtual waiting time , the workload. For the MMPP(2), the Laplace transform of is given by [14] (18) where is the steady-state probability vector associated with the stochastic matrix satisfying . From [14] , satisfies (19) from which the value of can be numerically obtained. Since has a nonrational form, we need to invoke a numerical inversion technique to obtain from it. Considering the cell scale and burst scale components for ATM buffers [20] , [21] , we approximate the distribution by the following two-term exponential function (20) whose Laplace transform is given by (21) where , , and . Approximating (18) by (21), we need to determine the parameters . In order to choose and as negative poles of , we find the roots of the following equation from the denominator of : (22) or equivalently as in (23), shown at the bottom of the page. Among the negative roots of (23), we choose the first two near 0, as dominant poles and . We determine as the residue at by (24) where (23) Finally, to obtain , we calculate the following mean waiting time [14] : (25) Matching (25) with the corresponding mean waiting time from approximation (26) we get (27)
B. Numerical Examples
We now evaluate the approximation method proposed in this section. For testing purposes, we use the same MMPP parameter sets as in [2] . Several test parameters of MMPP(2) are presented in Table I , where each MMPP(2) parameter set is normalized for the unit service time. Fig. 5 compares from the proposed method with the exact value , using a numerical inversion technique [22] for the MMPP(2)/D/1 with unit service time. Our results yield very accurate approximations within errors of 0.1%. On the MATLAB software package, the proposed approximation method allows us to obtain a waiting time distribution function within 2300 FLOPS, whereas the numerical inversion technique takes more than 2 000 000 FLOPS for "each" single point in the figure.
IV. CAC ALGORITHM
In this section, we propose a CAC algorithm and evaluate its performance. We consider the virtual waiting time, or workload, of the MMPP (2) 
We represent the traffic characteristics of the superposed traffic in terms of the four parameters . These parameters can be easily updated by simple algebraic (11), (12), (16), and (17), respectively. 9) Normalize the MMPP parameters with respect to the service time. 10) Compute satisfying (19) . 11) Compute and as roots of (23) (dominant poles). 12) Compute and from (24) and (27), respectively. 13) Accept if and reject if not ( buffer size). On the other hand, consider the case where a connected source is released from the superposed traffic streams. Let us call it the th source. Then, the parameters are updated for the superposition of the remaining sources as follows. For the superposition of 120 Type 1 sources, Fig. 6 shows the multiplexing gain versus the buffer size from the proposed CAC method and from other existing methods. Type 1 sources are for voice traffic. We can achieve a relatively high multiplexing gain with the proposed method. Though the equivalent bandwidth method [4] yields the highest , it requires heavy computational complexity as the number of connections increases. The method from [6] yields independent of the buffer size, because it is based on a bufferless fluid flow model. The method from [3] yields a relatively small for a small buffer size. The nonparametric method [5] yields a loose lower bound for . Note that the Type 1 source has been widely adopted to model voice traffic in ATM networks and that has been observed to range from 2 to 2.5.
Finally, we consider a heterogeneous traffic environment where Type 1 sources and Type 2 sources are simultaneously multiplexed into a link of 3 Mb/s. Suppose that the buffer size is 200 (cells) and the required CLR is . Fig. 7 shows the admissible regions to the left of each line. Our proposed method and the method from [4] outperform other methods.
V. CONCLUSION
We propose a real-time quality-of-service estimation method for the superposition of ON/OFF sources in a heterogeneous traffic environment. The aggregate cell arrival rate of the superposed traffic is approximated by the Bellows-like Poisson distribution to circumvent complicated convolution operations. We also consider the variance-time curve for cell counts to determine the state transition rate parameters. As a result, we can model the superposed traffic by the MMPP(2) in real-time, with a very accurate CLR estimation.
Numerical examples show that the proposed multiplexer evaluation scheme yields a good estimation of CLR with mere computational complexities of less than 3000 FLOPS. With the proposed CAC algorithm, we can achieve a higher resource utilization as compared with other existing methods. In a further study, we intend to consider a real-time approximation of the CLR for the MMPP/D/1/K system instead of the workload in the infinite-buffer system. More efficient matching between the parameters PCR, SCR, MBS and can also be further studied to obtain a much higher resource utilization.
